The recent increase in infiltration of distributed resources has challenged the traditional operation of power systems. Simultaneously, devastating effects of recent natural disasters have questioned the resilience of power infrastructure for an electricity dependent community. In this study, a solution has been presented in the form of a resilient smart grid network which utilises distributed energy resources (DERs) and machine learning (ML) algorithms to improve the power availability during disastrous events. In addition to power electronics with load categorisation features, the presented system utilises ML tools to use the information from neighbouring units and external sources to make complicated logical decisions directed towards providing power to critical loads at all times. Furthermore, the provided model encourages consideration of ML tools as a part of smart grid design process together with power electronics and controls, rather than as an additional feature.
Introduction
The recent development in the field of data science and analytics has found interesting applications in a wide range of disciplines. Some of these tools, especially machine learning algorithms (MLAs), can be utilised in smart grid to assist with complex logical decision-making process. The example scenario considered for this paper is mitigation of life threatening outages through intelligent local power distribution system that recognises and prioritises the load categories. Different loads in a community can be categorised by considering their effects on human life: a kidney dialysis machine, a refrigerator, and a television can be categorised as highly critical, critical, and sub critical loads, respectively. During an event of a complete and prolonged grid outage, the local resources need to be utilised and power should be distributed in a prioritised manner to prevent life threatening situations.
Literature review reveals that a significant amount of work has been performed towards utilisation of MLAs for improvement of reliability of power distribution systems. In [1, 2] , the authors have implemented k-nearest neighbour (kNN), k means clustering, and decision tree (DT) together with feature extraction techniques such as discrete wavelet transform (DWT) and matching pursuit decomposition (MPD) to detect, categorise and locate the fault in a distribution system. In [3] , the authors classify power quality issues such as voltage sags, swells, flicker, temporary interruption, and harmonic distortions through utilisation of ELM, a derivation of single layer feed forward neural network (SLFN). Fuzzy c-means based algorithms have been used in [4] to predict and categorise load profile. SVM, anomaly detection, kNN, and Perceptron algorithms have been used in [5, 6] to detect cyber-attacks in a distributed grid network. Similarly, the authors have performed thorough study of security related issues ranging from cyberattacks and false data injection, to data integrity and privacy preserving schemes in [7] [8] [9] [10] . One of the most extensive applications of MLAs towards improvement of grid reliability was directed towards reducing the numbers of manhole failures in New York, as documented in [11] [12] [13] . The main difference between the above listed studies and presented work is motivation and the manner of implementation of MLAs. The focus of the previous studies has been mainly towards recognising and categorising the grid related problems, while the motivation of the presented work is to recognise the nature of outage, and to take best possible course of action to maximise the power availability to the critical loads. The MLA directly controls the operations of different power modules in grid connected electronics, enabling automated physical implementations, as opposed to classifying problems.
The proposed machine intelligence (MI) system can be viewed as an Energy Management System (EMS) that focuses on supplying reliable power to a critical load. Traditionally, EMSs have focused on different objectives such as demand response management, energy economics, operational efficiency, resource management and so on [14] [15] [16] [17] . Not much focus has been directed towards utilisation of EMS to provide power to prioritised communal loads during outages and emergencies. Furthermore, as mentioned in [17] , theoretical designs of EMSs often undermine the practical implementation of the system. The presented MI based EMS, although is currently a simulated model, provides a pragmatic solution. All the aspects required for prototype development have been modelled and analysed in an integrated simulation. Lastly, considering modern grid a CPS, which is increasingly integrating more cyber components, this study focuses on comprehensive design process of physical grid electronics with the cyber counterparts. The prior studies have not considered such integrated design process, and have not explored the effects of delays and faults in cyber space on performance of physical electronics. This article considers such possibilities during the design process.
The purpose of this study is to develop a power distribution unit that is capable of taking advantage of locally available resources (such as DERs and storage) and making appropriate decisions to ensure power availability to critical loads at all times. The contributions of this paper are (i) proving feasibility of a power electronics system that is capable of integrating DERs and utilising ML capabilities to improve critical reliability using DERs, (ii) MLA that can predict the course of action that ensures energy availability for critical loads in different scenarios, (iii) design process that integrates three distinct components of the presented smart grid: Electronics, Controls and Communication, and Machine Learning. The electronics, controls, theory and implementation of MLA have been described in the following sections.
Power electronics system model
The foundation of the presented grid interface is based on MPEI described in [18, 19] , by Jiang and Shamsi, respectively. MPEI facilitates effective integration of DERs in the grid infrastructure and calls for additional DC power sharing between the members of IET Smart Grid, 2019, Vol. 2 Iss. 2, pp. 172-182 This is an open access article published by the IET under the Creative Commons Attribution-NonCommercial-NoDerivs License (http://creativecommons.org/licenses/by-nc-nd/3.0/) the target microgrid system in order to improve reliability through redundancy. Few variations have been introduced to traditional MPEI as a part of this study. The system considered is a singlephase system, and the control strategies and algorithms are different compared to previous implementations. The presented model incorporates the outputs of the MLAs. The most significant variation is the inclusion of load categorisation. Traditional MPEI technology does not allow load prioritisation, which is required to ensure uninterrupted operation of critical loads during disastrous situations and prolonged outages. To address such issues, loads have been divided into three categories of critical, sub-critical, and non-critical loads depending on their effects on human life. The design of such load side converter along with other power converters in MPEI is discussed in this section, the system level schematic is of MPEI is presented as Fig. 1 .
Grid side converter (GSC)
GSC is a bidirectional converter which operates as a boost PFC rectifier when grid power is consumed and as an inverter with the grid voltage based PLL when power is injected into the grid. The mode of operation is determined by MLA output. The topology utilised is single-phase H-bridge circuit. The GSC, during operation as boost PFC and inverter can be represented by the equivalent circuits presented in Figs. 2 and 3, respectively. The duty cycle based weighted average state-space equations for each of the two modes are presented in (1) and (2) . The variables used in (1)- (16) are circuit or control parameters presented in Figs. 2-6.
A controller with mode detection functionality has been designed to facilitate the operation of the GSC as the PFC boost and the inverting circuit. The controller block diagram with controller parameters is presented in Fig. 4a . Using the controller block, the linearised small-signal model equations can be derived for each operating mode. The small-signal equations for rectifier mode are presented in (3) . For small-signal analysis, the system is considered to be in steady state with large DC bus capacitor and switching frequency (12.5 kHz) much larger than AC frequency (60 Hz). Hence, (3) can be reduced to (4) . Similarly, the smallsignal equation for the power injection mode can be derived as (5) . These equations are used to perform the stability analysis of the converter and to derive the complete system equations as discussed in Section 2.5. 
Battery bidirectional DC-DC converter
Similar to the grid side electronics, the battery interface needs to be bidirectional in order to extract power and charge the battery. The bidirectional converter is a single-legged switching DC-DC converter which acts as a boost converter when operated in discharge mode and as a buck when operated in charge mode. The equivalent circuits of single legged switching DC-DC converter during different states and the state-space equations are presented in [19, 20] . The state-space equations derived in this study are included as (6) and (7) . The control block diagram is presented in Fig. 4b and corresponding small-signal equations are included as (8) and (9).
Load side inverter (LSI)
The LSI is a single phase full bridge inverter. The modes of operation look identical to Fig. 3 with grid block replaced by load. The state-space equations can be represented by (10) . The controller for LSI is presented in Fig. 5 , and corresponding smallsignal model equations are presented in (11) .
One of the main features added to the electronics, as a part of this study, is load categorisation and variable load system. The variable loads can be connected via independent inverters, but that requires redundant electronics. Hence, implementation of relays actuated via commands from the MLAs will save cost, space, and allow ML integration at the same time. However, turning noncritical loads on and off can cause drastic changes in current demand. This should be taken into account during stability analysis and determination of control parameters.
DER converter
The DER interfaces are the single-legged switching DC-DC converters explained comprehensively in [20] . The controller design considers cascaded voltage-current controller similar to one implemented for battery discharge mode, presented in Fig. 6 . Similarly, the state-space equations and small-signal equations can be represented by (12) and (13) dI Lg dt dV dc dt
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Stability analysis and complete system model
During stability analysis, the small-signal models presented in (3)-(13) are used to generate the controller gain values (K p and K i ) for each converter, ensuring the stability of the converters individually.
Once the values are determined, the model for the complete system can be generated. This section includes the results of stability analysis for the independent converters, and the complete system. The small-signal equations for the GSC in rectifier mode has been used to derive the transfer function of the converter with control algorithm presented in Fig. 4a . The system stability has been determined by observing the location of poles for K i = 2000 and K p varying from 0.004 to 0.2. As can be seen from Fig. 7 , all the system poles lie in the left hand plane indicating the stability of the converter. The final values chosen for K p and K i were 0.2 and 2000, respectively. Similar stability analyses have been performed and the controller gain values have been determined for each converter individually. The system dynamics for the entire system can be obtained by deriving the small-signal equation for DC voltage (using (14) ) and combining the dynamic system equations for all the converters [19, 20] . The dynamic equation for V dc can be derived using (15) . However, it is to be noted that the system equations for each converter changes with the mode of operation, resulting in alteration of ΔV˙d c model and system characteristics. Since, the mode of operation is determined by the MLA, the system characteristics and behaviours also depend on the output of the MLA. This has been discussed in further detail in Section 5. Considering mode 1 where the DC bus voltage is regulated by the GSC and the battery is charged, the differential equations for the DC bus and the complete system can be represented by (15) and (16) , where R is the load resistance, C is the DC bus capacitor, and V rms is the rms load voltage. The pole-zero diagram and the root locus for (16) are shown in Figs. 8a and b, respectively. As observed, all the poles are in the left hand plane and the root locus indicates that the system will stay stable for the chosen converter gains.
Controls and communication
The control and communication implemented in this project is a three-tier hierarchical system. Each of the tiers is explained briefly in this section.
Solitary control
Solitary control includes utilisation of information from other control tiers and internal feedback from the MPEI to conduct basic power electronics functions. These functions include operating To address these differences, a communication model was developed in Matlab/Simulink, as presented in Fig. 9a . The created model consists of a four MPEI unit, only rectification capability is utilised for this portion due to simulation time. TCP/IP protocol has been utilised to transmit an enable data to local host using Big Endian byte order. This information is received with sampling rate of 300 μs to start rectification in each MPEI. However, the software used had the utilisation limitation of one TCP/IP port per simulation. Therefore, the rest of the TCP/IP connections was modelled using range limited random delays to match the real delays presented in Fig. 10a and [22] . With exception of the delays, no other deviation was noticed in communicated data. Hence, a TCP/IP communication link can be successfully replicated using a variable delay generator as shown in Fig. 9b . The maximum and minimum limitations were 3 and 17 ms, respectively, to match the delay of 802.11b communication using WiFi dongles [22] .
For the given iteration, TCP/IP communication suffers a delay of 4 ms, depicted in Fig. 10a . The random delays generated in MPEI 1, 2, 3, and 4 and their effects on the operation of rectifier electronics are shown in Figs. 10b and c. Fig. 10 confirms that the communication delays cannot be ignored specially for distributed networks like DCS. Such communication models have been included in the final model design in Section 6.
Regional control
Regional control forms the top most layer of the communication hierarchy and is reserved for the data collection and emergency commands. The operational data for each community will be collected on long term basis in the regional control centres.
Analytical study of such data will help develop more effective predictive algorithms for future. Also, regional commands will be issued in case of emergencies such as cyber-attacks where all the communication devices will be frozen or reset to prevent further escalations.
ML algorithms
The nature of grid, and hence the problem of reliability, is dynamic with dependence on numerous internal and external factors. Traditional methods like droop control provides static solutions which are inadequate. MLAs can make complex logical decisions which might otherwise be challenging to implement. This study utilises such capability of MLAs to provide power to the communal critical loads. In addition to system parameters such as grid voltage, current, SOC of battery, and availability of distributed energy, the external features such as weather, time, and SOC of neighbouring units have been considered, to accurately predict the grid faults and to determine the corresponding response. The selected MLA is SVM which uses input features to generate output modes that get translated to operational modes for each power module in the MPEI.
Support vector machine (SVM)
SVM is a widely used classification algorithm that is simple to implement, consequentially leads to faster computational time, and yet is effective in performance. While Zanaty [23] documents the superior performance of SVM over DT for relatable application, Shafri and Ramle [24] report the suitability of SVM for scenarios with large dataset. In [25, 26] , the authors have concluded that SVMs display performance competitive to that of kNN and MLP while reducing complexity and computation time. Hence SVM was chosen for this application. SVM is a derivation of logistic regression, where classical logistic regression is modified to incorporate large margin intuition to allow better separation and more effective classification. The cost function of SVM is given in (17) [27] .
where θ is the matrix of weights, x m * n + 1 is the matrix of inputs, y is the matrix of outputs, m is the number of training examples, f n is the feature vector, and n is the number of features. The order in which classification is performed using SVM is listed in the following paragraph:
• Determination of landmarks: From given training data, landmarks are determined • Kernels: A choice of kernels is made according to the nature and size of data available. The equation for Gaussian kernel is presented in (18) . Feature scaling, if necessary, should be performed prior to using kernel.
The choice of σ is important for calculation of the kernels since this parameter plays an important role in determining the width of the kernel. The Gaussian kernel is derived from Gaussian probability density function where σ, often called inner scale or scale of the Gaussian, is standard deviation and σ 2 is the variance [28] . • Train the model: Training the model involves determination of the weight matrix θ by minimising the cost function. The cost function of SVM is presented in (17) . The most common problems in regression type classification algorithms are overfitting/high variance and underfitting/high bias problems. Introducing and adjusting regularisation term, represented by C in (17), is an effective solution. Hence, the value of C must be chosen appropriately. • Hypothesis: For test data, the trained model is used, and thus weight matrix θ is generated to make final prediction. y = 1, for θ T f ≥ 0
Training SVM
The parameters internal and external to the system were used as features to create a training table presented in Table 1 . It is important to note that Table 1 was created to prove the possibility of implementation of MLAs with a goal to provide grid disaster mitigation at an assumed location and time. Although the presented system can be universally applied, the table does not represent the all possible scenarios. The number of scenarios has been reduced to just what is required for this application for simplification and simulation speed. Furthermore, upon verification of feasibility, the final implementation will have to consider the historical data specific to the location for training purposes in order to recognise the types of grid faults and their frequency of occurrence. The SVM was trained for the seven modes defined in Table 1 using the classification learner application made available by Matlab. The model was trained using Gaussian kernels and was tested using randomly generated inputs, the real response and the response of the SVM are presented in Fig. 11 . The accuracy of the response concludes the successful generation of SVM based MLAs for implementation with grid electronics. From the training table above, we can notice that for the same location, at peak hour between 4 and 7 pm, the MPEI reacts differently based on grid voltage drop, weather, battery SOC, and neighbour's SOC. For everything under normal scenario, the MPEI focuses on economic dispatching. The deviation of grid voltage/frequency leads to engaging droop controls for grid fault mitigation (indicated by active power injection in this study), the reduction of self SOC beyond threshold would result in charging the battery, neighbour's battery SOC drop leads to keeping the self SOC full. Severe weather together with grid voltage drop and neighbour's SOC drop results in emergency mode operation with non-critical load shut down. Hence, the mode output differs with the states of input parameters listed in the first row of Table 1 .
The result of MLA is communicated to the MPEI in the form of mode of operation as depicted in Fig. 1 . At an instant when ML tool receives a test sample, it classifies the test data to one of the modes and communicates this mode back to the MPEI. Different power modules in the MPEI perform the functions as dictated by the modes, which will be further discussed in the following sections.
Integrated design process
For this study, MLAs were used as design tools rather than additional supportive feature. The MPEI is a collection of multiple power modules with a common DC link that allow a bidirectional flow of power. Hence, 36 different modes of operation are possible, a combination of all different modes presented in Table 2 . An integrated design process ensures that each mode output of the MLA is accompanied by appropriate power electronics response with acceptable dynamics and transient behaviour. 
Theoretical analysis
As mentioned in Section 2.5, the characteristics of the complete MPEI system depend on behaviour of individual converters in the multi-converter system. The mode of operation for each converter determines the control strategy and control parameter, which inturn determines the system characteristic poles and zeros. Since the MLA output determines the mode of operation, a relationship can be established between the MLA and power electronics control
and stability. This relation has been explained in (19) and (20) . The possible modes of operation for each converter are shown in (20) . Following this, θ T f is calculated for the feature vector, as shown in the middle column. Then the decision boundary for each mode is used to classify the sample using one versus all mechanism, determined by the value of θ T f . Once the mode is recognised, represented by n in (20) , the corresponding element of Y, y n is assigned 1 while the rest of the elements of the vector Y remain 0. For (16) , the output of the SVM is mode 1, hence y 1 = 1 and y 2 , …, y 7 = 0. Therefore, the relationship between the SVM based MLA and the power electronics system can be simplified to (19) by using signum function. Hence, the feature input, x, to the MLA effects the power electronics system behaviour. For instance, when mode output is equal to 1, the total system equation is equal to (16), and the system characteristics can be represented in Fig. 8a . However, when the mode output changes to 2 the system poles and zeros change to Fig. 12 . As observed the locations of multiple poles and zeros have been shifted in comparison with Fig. 8a .
Using ML as design tool
Most applications of data analytics tools, like machine learning, involve utilisation of such tools as additional features to a predeveloped system. This method has been proven to be effective enough for most applications, however, considering ML tools as a part of overall design process enables better utilisation and seamless integration. This provides the flexibility of making modifications on primary system if necessary. As shown in Fig. 1 and Table 1 , the output of the ML system is mode of operation information. This mode information is translated to respective function for each converter of the MPEI, listed in Table 2 . The mode changes can occur from any one of the modes to another. Consequently, changing the power electronics system behaviour as discussed in the previous section. Furthermore, the communication and calculation delays also effect the MPEI responses. The proposed integrated design process allows assessing stability of individual converters and the complete system during the mode changes, hence allowing effective integration of the ML system with traditional electronic controls. The MPEI with integrated SVM and wireless communication has been modelled and the performance has been tested for all seven modes listed in Table 1 . The initial test for stability was conducted before different practical scenarios were analysed, included in Section 6. The designed system displayed stable performance with acceptable transience for all the operational modes. The most severe transient response was observed during the transition from modes 1 to 2. The DC bus voltage dropped to 84% of rated voltage for 0.075 s. This can be explained by the severity of changes during this transition, the grid and battery connected to MPEI flip their roles from source to load and viceversa, at the same instant.
Furthermore, it is also important to address that recent developments in the field of communication and IOT has enabled remote relocation of computing resources. This provides access to computing and storage resources capable of running complicated algorithms and collecting long term field data. Such data along with reinforcement learning can lead to novel solutions that have not been recognised yet.
Simulation model and results
The presented model consists of integration of three independent systems from different fields: power electronics, machine learning, and communication. This multidisciplinary simulation allows for a close prediction of the real system. The model is depicted in Fig. 13 . The electronics and communication blocks work at the sampling rate of 1 μs whereas the machine learning block is placed within a switch mode system which is activated once every 100 ms. The ML system is placed inside the switch mode block to replicate real-life scenario where delay is caused by algorithm calculation time. One period of grid voltage is 16.67 ms, hence calculation time of <10 ms would be ideal. However, the true calculation time for the given application has not been verified, 100 ms has been used in this study. Upon generation of mode information by MLA, the message is communicated using real but echoed TCP/IP send block. The receiving end is in the mode detector block which converts the mode information to specific commands for each power module within the MPEI. The MLA used is the SVM trained with Table 1 , and as mentioned previously, the real implementation will require training with location specific historic data. Table 1 was created using the following considerations:
i. The peak hours considered is between 4 and 7 pm, grid voltage below 110 Vrms is considered as voltage sag, SOC below 60% is considered low. ii. The location considered is a heavily populated residential area where it is not abnormal to experience voltage sag during peak hours. iii. Voltage sags experienced during peak hours and normal weather conditions will be fixed by grid fault mitigation. iv. During severe weather, voltage sags are usually followed by outages. v. During non-peak hours, it is unusual to experience voltage sags. And if they occur, the cause is assumed to be some anomalous obstruction such as tress branches in transmission lines. These sags are usually followed by short outages that require utility repair work. vi. The considered unit and neighbour both have critical loads.
It is important to note that the presented algorithm can be trained for significantly more scenarios with acceptable computational time. Also, the algorithms can be trained for a single or a group of MPEI units.
Two different simulations have been conducted for normal and severe weather conditions. The results for normal weather are presented in Fig. 14. The simulation starts at 2 pm and each hour is represented by 0.3 s of simulation time. As presented in the figure, the system starts at an operating point which is perfectly normal, the battery SOC is full, so it discharges along (see (20) ) with DER converter to provide power to the load and feed power back to the grid, following economic dispatching algorithm (economic dispatching is represented by active power injection). The first change in scenario occurs at 0.3 s (3 pm) where the grid voltage drops to below 110 V rms. The ML systems outputs mode 4 which considers assumption 5 to get the system ready for short outage by charging the battery and keeping SOC full. The grid converter changes functionality from inverting mode to rectification in order to provide power and maintain DC bus voltage. The grid voltage rises back to normal at 0.6 s (4 pm), however, the time priority has [System eq . ] = Y ⋅ Q changed from normal to peak hour. Since the grid voltage has not dropped and the SOCs are full, the system operates at mode 3 with economic dispatching. At the time mark of 0.9 s (5 pm), the grid voltage drops, since both SOCs remain above 60%, the mode of operation changes mode 2 where storage and DER attempt to perform grid fault mitigation using droop control based algorithms, simulated as an active power injection in thispaper. No change is seen at 0.9 s because previous mode was already commanding active power injection through economic dispatching. However, it is to be noted that economic dispatching can have the capability of commanding grid power injection or consumption. If the functionality was power consumption during the mode transition, the operational changes would have occurred. At simulation time of 1 s (5:20 pm) the SOC of the neighbour starts dropping below 60%, the system is designed to react by storing any power available from the grid and preparing for islanded mode operation in case of outage. This was the preferred response considering assumption 6, and objective of the study to ensure power to critical loads at all times. In the absence of ML system, droop controls alone would not have taken such corrective action, hence further depleting the SOC of neighbouring battery unit. Eventually, leading to early power cut off, and life-threatening situations. At 1.2 s (6 pm), the SOC of the unit itself drops to below 60%. The system is trained to react by charging the storage with any power available from the grid and DER, no operational changes occur because the system was already performing the same function. An important observation is that, despite all the changes, the maximum voltage ripple and transience that DC bus experiences is ±5.2% and there are no significant fluctuations in load voltage and current waveforms. Also, the system responds differently to the same problem of grid voltage sag (modes 4 and 2), depending on the peak demand period to ensure reliable power to the consumer loads.
The simulation for severe weather and grid outages is presented in Fig. 15 . As in the case of normal weather, this simulation starts at 2 pm with every parameter being normal. However, since the weather is bad, the system behaves differently by preparing for outage and charging the battery. At simulation time of 0.3 s (3 pm), the outage occurs. The ML output changes to mode 6 which commands battery to provide power to the load, GSC to turn off, and non-critical (NC) load to disconnect in LSC. Disconnecting NC load can be a function of battery SOC rather than a hard turn off/on. Unlike mode 2 and droop controls, the system does not inject power into the grid while discharging the battery in mode 6 as it can lead to disastrous situations. The grid power comes back at 0.6 s (4 pm), the system goes back to mode 5 to charge the battery and NC loads are turned on. At 0.9 s (5 pm), the grid suffers an outage again, the system goes back to operating in mode 6. The SOC of the neighbouring unit decreases to <60% at 5:20 pm. The battery keeps discharging to maintain DC bus voltage, assuming that the neighbouring unit is attempting to charge its battery. The NC loads are disconnected. At 1.2 s (6 pm), the SOC of the considered unit falls below 60% as well. Since the SOCs of both neighbour and self is low, the system reacts by continuing battery discharge to ensure continuous power to NC loads. The final scenario occurs at 1.3 s where the neighbour SOC rises above 60%. The system operates at mode 7 where the unit attempts draw the power from the DC link to charge the battery assuming that the neighbouring unit can provide the compensating energy. Since, the neighbouring unit is not connected in the simulation, the DC bus voltage drops to 160 V. Here, the DC-link voltage is maintained by DER which has the current limitation of 25 A, hence a voltage drop is experienced. The load experiences a voltage drop to 111 Vrms (drop of 9 Vrms) during this operational cycle, which is within acceptable range even in given inadequate setting. This operation mode also considers a point where the GSC switches are turned off, but the grid is physically connected to MPEI ports. If the DC bus voltage drops below the grid voltage, the freewheeling diodes of the full-bridge circuit form a diode rectifier to provide some power to the DC link, which can be utilised in favourable conditions. This phenomenon can be seen in Fig. 15 . Aside from mode 7, the DC bus experiences maximum transient drop of around 10.5% during the transition from mode 5 to 6 and ripple of <5%. The transience experienced during mode shift from 5 to 6 can be explained by simultaneous changes that occur in all the functioning converters in the MPEI system, hence making this transition the worst-case scenario. The acceptable performance of electronics during this transience ensures seamless and rigid operation of proposed integrated ML-MPEI system.
Conclusion
Design of a complete ML integrated grid electronics interface system has been presented in this paper. As a part of this design, different sub-systems, namely: power electronics, communication, and machine learning, have been created and integrated to verify the cumulative performance, as presented in Section 6. The future research will involve investigation of different types of supervised and unsupervised learning methods for better prediction, efficient calculation, and reinforced learning techniques. The process of selection of MLAs will also consider training using real historical data of the location of choice. A laboratory prototype based on the simulated system will be built and tested, experimental analyses will be performed to verify and improve the applicability of the proposed system. Although a resilient system that allows DER integration is an inevitable part of future, recent disasters have suggested the need of immediate improvements in power distribution in vulnerable parts of our community such as child care centres and old age homes. Implementation of hereby presented technology can help meet some of these urgent requirements. 
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